An algorithm to increase the spatial resolution of digital video sequences captured with a camera that is subject to mechanical vibration is developed. The blur caused by vibration of the camera is often the primary cause for image degradation. We address the degradation caused by low-frequency vibrations ͑vibrations for which the exposure time is less than the vibration period͒. The blur caused by lowfrequency vibrations differs from other types by having a random shape and displacement. The different displacement of each frame makes the approach used in superresolution ͑SR͒ algorithms suitable for resolution enhancement. However, SR algorithms that were developed for general types of blur should be adapted to the specific characteristics of low-frequency vibration blur. We use the method of projection onto convex sets together with a motion estimation method specially adapted to low-frequency vibration blur characteristics. We also show that the random blur characterizing low-frequency vibration requires selection of the frames prior to processing. The restoration performance as well as the frame selection criteria is dependent mainly on the motion estimation precision.
Introduction
In many applications, such as in airborne and terrestrial reconnaissance, robotics, medical imaging, and machine vision systems, the images of a video sequence are severely distorted by vibrations. Vibration can be minimized by proper design. In practice, however, it is often the most serious source of image distortion even with state-of-the-art stabilization.
In this paper we address the problem of restoration of images from sequences distorted by low-frequency vibration. Low-frequency vibrations are defined as those vibrations for which the exposure time t e is less than the vibration period T 0 ͑Fig. 1͒. Low-frequency vibrations are more common and more complicated to deal with than high-frequency vibrations ͑for which t e Ͼ Ͼ T 0 ͒ because the point-spread function ͑PSF͒ caused by these kinds of vibration exhibits a strong random behavior. The random behavior of the vibration PSF is illustrated in Fig. 1 . It can be seen that at different instants of exposure t x the PSF differs in shape and displacement x . Image degradation caused by low-frequency vibration has been analyzed in detail previously. [1] [2] [3] The information lost owing to vibration smear and to the finite size of the sensor may be recovered by use of information from adjacent images in the video sequence by application of superresolution ͑SR͒ restoration algorithms. Vibrated sequences possess two inherent characteristics needed for efficient restoration by use of SR algorithms. The first is the inherent motion between the images because the PSF location changes in each image ͑Fig. 1͒. Even though motion is not strictly needed for SR restoration, 4 it permits better restoration. The second characteristic is the high correlation between consecutive images in the sequence because vibrated images possess similar fields of view.
Numerous SR approaches and algorithms were developed in the past one and a half decades. Typical applications of SR methods can be found in the fields of remote sensing, medical imaging, reconnaissance, etc. They are also used for frame freezing in a video sequence and video standard conversion. SR recon-imately 7% as compared with that of images restored without selection. Here the selection was performed at the 7th iteration. Three images were discarded, and the computation time was reduced by approximately 25%.
Examples
In our simulations we considered sinusoidal vibrations with amplitudes in the range of 5%-20% of the field of view and frequencies between 2 and 10 Hz. The motion function for each exposure was obtained by taking samples of 1͞60 s long from each sinusoidal vibration function at intervals of 20 ms. Then LR sequences were composed of blurred and downsampled images appropriate to each exposure.
The sequence formation model used in our simulation is the model described in Fig. 2 . We simulated each vibrated image g k by convolving a highresolution image f ͑of typical size between 200 ϫ 200 and 512 ϫ 512 pixels͒ with the particular PSF appropriate to each instant of exposure h k . The distorted images were downsampled with a factor of 2 or 4 with the method of pyramids, and images of a size of 128 ϫ 128 pixels were obtained. The length of the sequences varied from 6 to 15 frames. Figure 7 shows a typical result of high-resolution restoration from a LR vibration-blurred image sequence. The original image in Fig. 7͑a͒ is of size 320 ϫ 320 pixels. Figs. 7͑b͒ and 7͑c͒ are two images from the distorted sequence. The vibration amplitude is 10 pixels, and the frequency is 10 Hz. The decimation factor is 2, and the additional noise is Gaussian, forming a signal-to-noise ratio of 40. The reconstructed image is shown in Fig. 7͑d͒ . The spatial resolution improvement is evident.
In Fig. 8 a bar target was used. The original image in Fig. 8͑a͒ is composed of five vertical bars at different frequencies ͑1͞2, 1͞4, 1͞6, and 1͞8 lines͞ pixel͒. Figure 8͑b͒ is an image from a sequence distorted by horizontal vibration. The vibrations that are perpendicular to the bars smear them severely. It can be seen that the bar targets are not recognizable anymore. The number of the lines appearing in Fig. 8͑b͒ differs from that in the original image, owing to the aliasing effect. The restored image is shown in Fig. 8͑c͒ . It can be seen that most of the blur is overcome and the aliasing effect is removed ͑the additional weak gray line appearing in the extreme right in Fig. 8͑c͒ is due to margin effects and is not a restoration artifact͒.
Conclusions
In this paper we presented a restoration algorithm of an image from a sequence distorted by low-frequency vibration. The restoration is based on the POCS algorithm. The restoration algorithm is adapted to the special characteristics of the low-frequency vibration distortion. Low-frequency vibration distortion differs from most other distortion sources in that it affects each frame differently. We have shown that typical motion estimation techniques, which are required for registration and PSF estimation, are not adequate for this kind of distortion. Therefore we have developed a motion estimation technique to deal with this case. We also have shown that only part of the images should be used in the restoration process. The image selection is based on the analysis of the projection error of each image during the POCS process. By selecting the appropriate images, better restoration is achieved with less memory requirements and shorter processing time.
